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ABSTRACT 
Commercial environments may receive only a fraction of expected genetic gains for growth 
rate as predicted from the selection environment. This fraction is result of undesirable 
genotype-by-environment interactions (GxE) and measured by the genetic correlation (rg) of 
growth between environments. Rapid estimates of genetic correlation achieved in one 
generation are notoriously difficult to estimate with precision. A new design is proposed 
where genetic correlations can be estimated by utilising artificial mating from cryopreserved 
semen and unfertilised eggs stripped from a single female. We compare a traditional 
phenotype analysis of growth to a threshold model where only the largest fish are genotyped 
for sire identification. The threshold model was robust to differences in family mortality 
differing up to 30%. The design is unique as it negates potential re-ranking of families caused 
by an interaction between common maternal environmental effects and growing environment. 
The design is suitable for rapid assessment of GxE over one generation with a true 0.70 
genetic correlation yielding standard errors as low as 0.07. Different design scenarios were 
tested for bias and accuracy with a range of heritability values, number of half-sib families 
created, number of progeny within each full-sib family, number of fish genotyped, number of 
fish stocked, differing family survival rates and at various simulated genetic correlation levels.  
 
Keywords: Growth rate, genetic correlation, genotype by environment, heritability, breeding 
design 
 
 
1. Introduction 
AC
CE
PT
ED
 M
AN
US
CR
IPT
ACCEPTED MANUSCRIPT
 3 
Genotype by environmental interactions (GxE) are important in many fish species such 
as barramundi or Asian seabass (Lates calcarifer). For example, the commercial environments 
that barramundi are grown after stocking as fingerlings include a combination of: (i) ponds, 
cage and recirculation tanks, (ii) fresh water, brackish and sea water growout and (iii) tropical 
and sub-tropical temperatures. These GxE interactions, measured by genetic correlations, are 
important to selective breeding as they cause a re-ranking of breeding values expressed in the 
different environments. 
Significant GxE interactions for growth in aquaculture have occurred due to differences 
in temperature, salinity, stocking density and between recirculation, pond and cage facilities 
(Sylven et al., 1991; Myers et al., 2001; Ponzoni et al., 2005; Saillant et al., 2006; Eknath 
2007; Khaw et al., 2009; Mas-Muñoz et al., 2013) with estimates for body weight at harvest in 
different environments as low as 0.19+0.13 (Sae-Lim et al., 2013). There is also an emerging 
need for GxE assessment of growth rate in newly formulated diets with significant re-ranking 
of family performances between diets observed by Pierce et al. (2008), Dupont-Nivet et al. 
(2009) and Boucher et al. (2011).  
The critical point at which the genetic correlation for growth is so low that more than 
one breeding program is justified will largely be an economic decision based on the value of 
production in the different environments. Robertson (1959) suggested genetic correlations 
below 0.80 were significant whereas Ponzoni (2005) considered a genetic correlation of 
0.58+0.14 for pond and cage growout in tilapia was not sufficient evidence to justify separate 
breeding programs.  From this study the 95% confidence interval of the genetic correlation 
ranged from 0.31 to 0.85. In another study Domingos et al. (2013) suggested that GxE 
interactions were insignificant when the estimate was 0.98 even though, due to the large 
standard error, there was a 5% chance that the genetic correlation between fresh and saltwater 
growth could be as low as 0.55.  If more accurate estimates of genetic correlation were 
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available then perhaps a second breeding program could be justified. It is clear that 
minimising the standard error of genetic correlations is an important objective that should be 
achieved at the earliest stages of a breeding program and that estimates with large standard 
errors are clearly not informative for decision making. 
Optimum designs for estimating GxE have been recently reported (Sae-Lim et. al., 2010) 
with a model that assumed equal numbers within each family stocked prior to the evaluation. 
This will mean separate spawning and hatching of fingerlings prior to families being pooled in 
different growout environments which will contribute to common family environmental 
effects. In some fish species the maternal common environmental effect (c2) for growth can be 
as high as 0.21 Khaw et al. (2009) but are generally below 0.10 (Dupont-Nivet et al., 2010; 
Doupe, 2004; Gall and Huang, 1988). Even with estimates below 0.10, omitting maternal or 
family components can substantially inflate heritability estimates (Tosh et al., 2010; 
Winkelman and Peterson, 1994).  The confounding of common environmental effects with 
additive genetic effects is a particular problem when only one generation of performance 
measurements is available. 
A new design is proposed for rapid assessment of heritability and GxE using artificial 
fertilisation.  Cryopreserved semen from many males is used to fertilise eggs of a single 
female to create many half-sib families which are identified using DNA tagging.  This design 
(i) is not influenced by maternal variance as there is only one dam, (ii) is suitable for large fish 
species as it negates the difficulty and cost of achieving multiple synchronised spawns, (iii) 
can be suitable in species where grading of size is required to reduce cannibalism and (iv) can 
be utilised when no prior pedigree and production records are available.  
As reported by Macbeth and Palmer (2011) barramundi, L. calcarifer, is ideally suited to 
this design as their high fecundity in both females with up to 46 x 106 eggs per spawn (Davis 
1984) and males with up to 10-15ml of milt (Palmer, 2000) allows many offspring to be tested 
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for each sire. Collection of sperm has now been demonstrated in up to 30 marine fish species 
(Suquet et al., 2000) with egg collection (Sahoo et al., 2008) and artificial fertilisation 
successful in producing multiple sires (Palmer et al., 1993; Quinton et al., 2007; Dupont-
Nivet, 2008). 
This paper examines the artificial mating design under a range of options to assess the 
impact on the precision and bias of heritability and genetic correlation estimates. 
 
2. Methods 
 
2.1. Experimental design 
Due to the difficulty of stripping eggs from multiple females simultaneously and to 
eliminate common maternal variance we consider an initial breeding design involving the 
stripping of eggs from one hatchery female (dam) and using artificial mating from 
cryopreserved semen to establish 25 to 400 half-sib families (i.e. 25 to 400 sires). We assume 
each family was incubated separately until hatched with equal number of larvae per family 
pooled in a single nursery tank and grown to fingerling stage in a common environment. Our 
simulations modelled a total of 60,000 fingerlings with subsamples ranging from 2,000 to 
15,000 randomly allocated fingerlings selected to grow into each of two environments (E1 and 
E2). Due to this subsampling procedure random variation in the number within each half-sib 
family is created to emulate a field trial sampling. 
Six different design configurations were simulated with parameters of each listed in 
Table 1. In these configurations the average number per family in each environment is the 
number stocked divided by the number of sires. For configurations 1 to 5, survival in each 
environment was assumed to be 100%. In configuration 6 we test the sensitivity of the 
experimental design to differing family survival rates ranging from 60% to 100%. Here we 
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assumed no correlation of survival with growth in two scenarios with and without ‘family by 
survival interaction’ using 100 half-sib families. In the first scenario the survival rate of each 
half-sib family in both environments was the same with families 1..50 having a 100% survival 
rate and families 51..100 having a survival rate chosen between 60% to 90%. The second 
scenario is similar to the first but with families in environment 2 swapped such that families 
1..50 will have the lower survival rate and families 51..100 with the 100% survival rate. This 
scenario has half-sib families with low survival rates in E1 equal to high survival rates in E2 
and vice versa emulating a survival by environment interaction.  
 
(Table 1 here) 
 
2.2. Simulation of genetic parameters 
Phenotypes of progeny were generated using artificial mating formed by mixing eggs from a 
single female (dam j=1) with semen from unrelated males (ith sire 1..S) to create S half-sibs. 
We model the phenotypic variance as 121
2
1
2  eaP   giving the additive genetic variance 
in environment one 21a = 2h  and the error variance in environment one 2121 1 ae   . True 
breeding values ),0( 21ai NA   for the ith sire of each half-sib family were determined by 
sampling a normal distribution with mean 0 and variance 21a . The true breeding value of the 
only dam j was determined as ),0( 21aj NA  . True breeding values for the kth full-sib 
offspring (k=1…K) within the ith sire and dam j were determined by 
ijkjiijk MAAA  2/)(  which accounts for half of the additive genetic variation each 
generation being derived from Mendelian sampling with )2/,0( 21aijk NM  . The phenotype 
of the ijkth progeny was determined as ),0( 21eijkijk NAP  .  
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Sire, dam and offspring genotypes in environment two ( A) were simulated using a true 
genetic correlation ( gr ) as ))1(,0( 221 gaigi rNArA   , ))1(,0( 221 gajgj rNArA    and 
 Aijk = (  Ai +  Aj ) / 2+Mijk respectively giving the correlation of offspring breeding values 
 Aijk and Aijk equal to rg . This assumed the additive genetic variance in environment two (
2
2a ) 
was the same as in environment one with 22a = 21a = 2h  and error variance 2122 ee    with the 
phenotype of fish ijk in environment two defined as ),0( 22eijkijk NAP  .  Here we used the 
same Mijk for both environments as each of the ijkth fish can only be grown in one 
environment. 
 
2.3. Statistical analysis 
The  analysis  was  achieved  using  a  probit  model  which  is  equivalent  to  the  “threshold”  model  
in animal breeding (Gianola and Foulley, 1983).  The binary threshold point was determined 
from the largest nDNA fish from H fish harvested in each environment. The nDNA fish were 
genotyped for sire identification and assigned a threshold score of one. A threshold score of 
zero was assigned to all the remaining (H- nDNA) fish that were not genotyped. The exact 
number of fish per sire represented in each environment was unknown and we assumed an 
equal number of offspring per sire (H/S) so that each sire, 1..S, had  the  same  sum  of  ‘zero’  and  
‘one’  threshold  scores.  
Variance-covariance parameters were estimated using the generalised linear model 
procedure glmmPQL in R (R Development Core Team 2011). As expected from the 
simulation model preliminary results revealed no significant differences in the heritability 
between the two environments (P>0.05). We therefore assumed the variances 2221 aa    and 
2
2
2
1 ee    leading to a computationally efficient univariate model: E(B)= (sire/E+r) where 
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B is the binary threshold score indicated by 1 for above the threshold or 0 for below the 
threshold, the function   is the cumulative standard normal distribution, sire is the random 
sire effect nested within environment (E) and r is the residual error. Note that E(B) is also the 
probability of B=1. The generalised linear model implemented in R had the form:  
glmmPQL(B~ 1, random= ~1|sire/E,  data=yy,  family=binomial(link=“probit”)). For 
comparison we also assumed all animals were weighed and DNA fingerprinted for sire 
identification using the statistical model W=sire/E + r  where W is the phenotypic weight, sire 
is a random sire effect nested within environment (E) and r is the residual error. The R 
implementation of the model was: 
 glmmPQL(W ~ E, random= ~1|sire/E, data=yy, family=gaussian) where W is the phenotypic 
weight. The fixed effect of environment (E) in this model accounts for the phenotypic scaling 
caused by the interaction between the maternal genetic effect of the dam and the two 
environments. 
The glmmPQL model partitioned three variance components: (i) the residual variance 
( 2/ˆ1ˆ 22 ar   ) which in the sire model includes the Mendelian variance component and is 
therefore different from the simulated error variance, (ii) the additive genetic sire variance 
shared in common between the two environments ( 4/ˆˆˆ 22_ agbetweens r   ) and (iii) the additive 
genetic sire variance not shared between the two environments ( 4/ˆ)ˆ1(ˆ 22_ agwithins r   ) 
giving the total sire variance 4/ˆˆˆˆ 22_
2
_
2
abetweenswithinss   .  This gave heritability equal to 
hˆ2 = ˆ a
2 ( ˆ s
2 + ˆ d
2 + ˆ r
2) =4 ˆ s
2 (2 ˆ s
2 + ˆ r
2) assuming the dam variance ( 2ˆ d ) equals the sire 
variance, and the genetic correlation equal to 22_ ˆˆˆ sbetweensgr  . The procedure used to 
estimate grˆ  above was computationally efficient as it negates the need to determine the 
numerator relationship matrix required by standard bivariate analysis. 
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The standard error (s.e.) of grˆ and 2hˆ were determined from the standard deviation (s.d.) 
their estimates from 100 simulation runs. The only exception was in Figure 1 where 
s.e. = s.d. / 2  which assumed each environment was replicated twice using a different set of 
sires to illustrate what could be realistically achieved in one growth period. Bias was 
determined from the difference between true gr and 2h  values and the means of their 
estimates grˆ and 2hˆ  from 100 simulation runs using a t-test.  
 
 
 
3. Results  
 
3.1. Variable genetic correlations with 50 sires (Configuration 1). 
A list of simulation parameters for configuration 1 is provided in Table 1. This configuration 
consists of 50 different sires with the heaviest 800 genotyped for sire identification from 
15000 fish stocked in each of two environments. Average estimates of genetic correlations 
from this configuration are shown in Figure 1 with standard errors assuming configuration 1 
was replicated twice. The lowest standard error occurred when the true genetic correlation was 
high (e.g. 0.90+0.04) with standard errors generally increasing as the genetic correlation 
decreased.  Over the nine points the genetic correlation deviated from the expected simulated 
value by -0.008 (standard error s.e.=0.004). This bias was small relative to the standard errors 
depicted graphically by the deviation from the grey regression line (Fig. 1).  
If the predicted genetic correlation was 0.80 then we could be 95% confident that the 
true genetic correlation is above 0.68 which was calculated as 0.80 less twice the standard 
error (Fig. 1).  
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The true heritability in this design was 0.30 with mean estimates ( 2hˆ ) and standard errors 
of 0.30+0.04, 0.30+0.05, 0.30+0.05, 0.30+0.05, 0.31+0.05, 0.30+0.05, 0.31+0.06, 0.30+0.05 
and 0.31+0.05 for simulated genetic correlations of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9 
respectively. In this configuration the average heritability estimates were biased higher at 
0.004 (s.e.=0.001).  In an analysis similar to configuration 1, by doubling the number of sires 
to 100 and doubling nDNA to 1600, no significant increase in the precision of genetic 
correlation estimates were detected (P>0.05). 
 
(Figure 1 here) 
 
 
3.2. Variable: sires (Configuration 2). 
See Table 1 for list of simulation parameters for configuration 2. The main differences from 
configuration 1 were that two values of  rg (0.70 and 0.80) were used and the number of sires 
per dam was increased at five levels from 25 to 400 (Table 2).  The general trend was for the 
standard error of both grˆ  and 2hˆ  to decrease with increased number of sires. Interestingly an 
increase in the number of sires 200 and above did not improve precision of grˆ with a 
significant bias underestimating the estimate.  This result suggests that when there are too few 
full-sibs per family, the family means are determined with less precision by the binomial 
threshold method, which in turn caused a bias in the genetic correlation estimates. Estimates 
of heritability were more robust than genetic correlation estimates with a upward bias of 
2hˆ occurring when there were 400 sires used. 
 
(Table 2 here) 
AC
CE
PT
ED
 M
AN
US
CR
IPT
ACCEPTED MANUSCRIPT
 11 
 
3.3. Variable: number DNA tagged per dam (Configuration 3). 
As the number DNA tagged from the heaviest fish harvested was increased there was a 
general trend for a reduction in the standard error of grˆ  values (Table 3).  The large bias in grˆ  
when 200 were DNA tagged of 0.70-0.63=0.07 was not significantly different from the true 
simulated value of 0.70 due to the large standard error of these estimates from the simulation 
runs. It appears that at least 400 DNA samples should be taken to reduce the risk of estimation 
bias with little gain in precision and accuracy above 800 DNA samples.  
 
 (Table 3 here) 
 
3.4. Variable: number stocked (Configuration 4). 
In both the binomial and phenotypic analysis a general increase in the precision and accuracy 
of grˆ  and 2hˆ  occurred as the number stocked in each environment increased (Table 4). As 
expected the estimated genetic parameters from the phenotypic analysis was consistently more 
accurate than the binomial analysis. Individual weighing and genotype all 2000 fish gave a 
similar standard error of rg=0.09 compared to grading and genotyping the heaviest 400 with a 
larger number of fish stocked. When comparing both methods to 2000 genotyped the binomial 
design could be replicated five times to produce the same number genotyped. If the binomial 
design was replicated five times with different sires the standard error of rg would reduce to 
0.09 / 5 = 0.04 . There was no apparent advantage in stocking over 10000 fish when the 
binary threshold nDNA was 400. 
 
(Table 4 here) 
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3.5. Variable: heritability (Configuration 5). 
Variable heritability was examined with 50 sires and sampling either the largest 400 or 800 for 
DNA genotyping of sires (Table 5). A general increase in accuracy was observed when 
estimating genetic correlations as the true heritability increased in magnitude. The converse 
was true for heritability with accuracy increasing as the true heritability decreased from 0.5 to 
0.1.  In all cases the estimated genetic correlations were equal to or slightly lower than the 
simulated gr value of 0.80 but not significantly different from that value (P>0.05). These 
results confirm that the binomial threshold model is a robust method of estimating genetic 
correlations within the realistic range of heritability from 0.1 to 0.5 for growth rate. 
 
(Table 5).  
 
3.6. Variable family survival (Configuration 6). 
In this configuration we test the sensitivity of the binomial threshold model to differences in 
family survival. The experimental design was sufficiently robust to estimate genetic 
correlations with variable survival rates of 60% and 100% provided the survival rates of each 
half-sib family were the same across both environments (Table 6). The design was sensitive to 
interaction survival rates where families having good survival rates in one environment had 
poor survival rates in the other environment and vice versa. In this worst case interaction 
survival rates of 60% and 100%  had significantly lower genetic correlation estimates than the 
simulated value of 0.70 (Table 6).  
 
(Table 6 here) 
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4. Discussion 
We have shown in this study that it is feasible to estimate genetic correlations using a 
binomial threshold model. In this design there may be families not represented in the top 
threshold of fish sampled and therefore it is important to understand the limitations and also 
advantages of this design as reflected by the precision and bias of estimating both genetic 
correlations and heritability.  
One advantage of our design is the absence of maternal common variance which is 
expressed as a proportion of total phenotypic variance and denoted as c2 (Montaldo et al., 
2012). The existence of c2 and potential re-ranking of families due to an interaction between c2 
and environment is ignored in studies estimating genetic correlations (Fishback et al., 2002; 
Ponzoni, 2005; Sae-Lim et al., 2010). This non-genetic re-ranking of families in different 
environments will ultimately cause an underestimate of GxE. As there is no c2 effect in our 
design our genetic correlations are potentially less biased than other proposed designs.  
The drawback with no c2 effect is that the heritability estimates are potentially inflated 
by (1+c2) if applied to selection environments where c2 is present. However in other 
experimental designs where c2 is present genetic variances tend to be overestimated when c2 
has been unaccounted in statistical models (Tosh et al., 2010). Dupont-Nivet et al. (2009) went 
to the extent of creating maternal clones for genetic variance component assessment to 
minimise maternal effects. Other strategies include reducing the age span of experimental fish 
(Pierce et al., 2008) or by minimising the size range of eggs between spawns (Dupont-Nivet et 
al., 2009). The potential source of bias caused by differences in maternal effects is simply 
eliminated in our design because c2 is equal zero as only one dam is used. One potential 
concern using a design with a single dam is that genotype by genotype interactions could 
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inflate the sire variance. Generally genotype by genotype interactions are of little concern but 
could be alleviated in species where eggs from multiple females can be collected 
simultaneously. In this case equal weights of eggs from each female may be mixed prior to 
fertilization in order to average the effect of c2 from multiple dams for each sire. 
Another source of experimental variation is the common tank effect, which is equivalent 
to a paternal effect in our design. We minimise this effect using in vitro fertilisation allowing 
fertilization of all half-sib families to occur within minutes of each and by mixing families 
soon after hatching (Macbeth and Palmer, 2012). This protocol minimises the potential for any 
paternal tank effects. If in practice, fingerlings cannot be reared in the same tank then 
significant tank effects could be included in the statistical model. Small tank effects are 
unlikely to affect h2 and rg estimates as (i) families can be mixed immediately after hatching 
prior to rearing in different tanks and (ii) the estimates are reasonably robust to environmental 
changes affecting family representation in the heaviest group of fish genotyped as inferred by 
the survival sensitivity analysis. 
There are many similarities between the results of Sae-Lim et al. (2010) and the present 
study. For example, (i) a reduction in the standard error of rg occurs as h2 increases, (ii) a 
interaction of family survival and environment can cause a bias and a reduction in the 
accuracy of rg  and (iii) there is an optimised family size that minimises the standard error of 
rg. Our design can give similar standard errors of rg to that reported by Sae-Lim et al. (2010). 
When only 2000 are stocked we recommend all animals are genotyped and weighed with an 
analysis performed on phenotypic data. The binomial analysis, with larger number of fish 
stocked, is expected to perform well in aquaculture species where commercial grading on size 
is required during the experimental trial period, as practiced in species such as L. calcarifer 
(Macbeth and Palmer, 2011). 
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A uniform family survival is desirable in the probit analysis as all families were assumed 
to be represented in equal stocking proportions. As there is no dam variance expressed in our 
design and with all eggs exactly the same age, and sampled from the same size distribution, it 
is unlikely that there will be a large variation in family survival. Additionally due to one dam 
used in our design only three quarters of the total additive genetic variation is available to 
contribute to survival variation between the half-sib families produced. It is also less likely 
that significant family survival by environment interaction will occur due to both the reduction 
in total genetic variance and elimination of c2 variance components. Overall the analysis 
appeared robust to differing family mortality rates up to 30% although an interaction between 
family survival and environment seemed to cause more bias in rg and h2 estimates. 
Designs using synchronous spawning are difficult to achieved in practice (Dupont-Nivet 
et al., 2008; Quinton et al., 2007; Boucher et al., 2011) making it necessary to pool spawns 
over a period of more than one day (Pierce et al., 2008). Mixing fish born more than one day 
apart is undesirable as older fish may maintain a size advantage they never relinquished (Tave, 
1995) causing biased estimates of genetic parameters.  Also if batch spawning is used the 
highly variable fertilisation rates among males and females in mating tanks (Frost et al, 2006; 
Nissling et al., 2002) may cause many half-sib families to be over-represented with the 
downstream risk of increasing the standard errors of genetic parameter estimates. With 
controlled artificial mating our design is less variable and is therefore achieved with less risk 
of experimental failure.   
In many of our simulated designs with rg=0.70 we could achieved a standard error of 
0.09 which would reduce to 0.09 / 2 = 0.06 if two replicates of each environment were 
evaluated with a different set of sires. This standard error is better than published estimates of 
rg reported within the range of 0.5 to 0.8 including: 0.51+0.19 for Dicentrarchus labrax 
(Salliant et al., 2006), 0.56+0.34 for  Solea solea (Mas-Muñoz et al., 2013), 0.58+0.14 for 
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Oreochromis niloticus (Ponzoni et al., 2005), 0.70+0.10 for  D. labrax (Dupont-Nivet et al., 
2008), 0.73+0.13 for Oncorhynchus mykiss (Pierce et al., 2008), 0.75+0.09 for Oncorhynchus 
mykiss (Dupont-Nivet et al., 2010), 0.82+0.21 for Coregonus lavaretus L. (Quinton et al., 
2007), 0.67+0.12 Oncorhynchus mykiss Walbaum (Boucher et al., 2011) and 0.74+0.21 to 
0.84+0.15 for Oreochromis niloticus (Khaw et al., 2009). 
The experimental design used here to estimate genetic correlations is also suitable for a 
novel design which can achieve rapid genetic gains during the establishment phase of a 
breeding program (Macbeth and Palmer, 2011).  In existing breeding programs the design 
could be used to compare the ranking of nucleus breeding sires to other sires outside the 
breeding program as part of a screening program to increase genetic gains and or reduce 
inbreeding. 
 
 
 
5. Conclusion 
 
Both threshold and phenotypic weight analysis are a viable option to estimate of heritability 
and genetic correlations for growth rate using multiple half-sib families created form artificial 
fertilisation of eggs from a single female. The threshold model was robust to differences in 
family mortality differing up to 30%. The advantages include (i) the elimination of bias from 
family re-ranking caused by c2 by environmental interaction, (ii) the standard errors from this 
design are on average better than published estimates using natural mating designs, (iii) rapid 
assessments of genetic parameters over one growing period can be obtained, (iv) tighter 
mating control reducing the risk of unequal representation of families, (v) families can be 
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mixed and reared immediately after hatching to reduce fixed tank effects, (vi) threshold 
analysis suitable for species that are graded during commercial operations. 
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Fig 1. Simulated versus estimated genetic correlation (rg). Standard errors assume 
configuration 1 was replicated twice. See configuration 1 simulation parameters Table 1: 
(h2=0.30, Stk=15000, sires S=50, nDNA=800). 
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Table 1. List of seven configurations of simulation parameters used to estimate heritability 
( 2hˆ ) and genetic correlation ( grˆ ) from 100 simulations. Simulation parameters include: 
heritability (h2), genetic correlation between environments (rg),  number of unique sires (S), 
the threshold sample size taken from the heaviest fish sampled for DNA parentage analysis in 
each of two environments (nDNA) and the number of fish stocked per environment (Stk) taken 
from a pooled sample of 60,000 fingerlings.  Figures enclosed by brackets indicate the range 
of simulated values. 
 
Configuration 
          Simulated parameters                                                                                 Presented in: 
1 h2=0.30, Stk=15000, nDNA =800, S=50,  
rg ={0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.90}.                                                (Fig. 1) 
  
 2 h2=0.30, Stk=15000, nDNA =800,  
S={25, 50, 100, 150, 200, 400}, rg ={0.70, 0.80}.                                           (Table 2) 
 
3 h2=0.30, Stk =15000, S=50, rg =0.70,  
nDNA ={3200, 1600, 800, 400, 200}.                                                              (Table 3) 
 
4 h2=0.30, S=50, rg =0.70, 
Stk={15000, 10000, 5000, 2000}, nDNA ={1600, 800}.                                 (Table 4) 
 
5 Stk=15,000, rg=0.80, S=50, nDNA ={400, 800), 
h2={0.1, 0.2, 0.3, 0.4,0.5}.                                                                                (Table 5)                                                                     
  
6 h2=0.30, Stk=15,000, rg =0.70, S=50, nDNA =800.  
Variable family survival rates.                                                                         (Table 6) 
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Table 2. Variable number of sires giving average genetic correlation ( grˆ ) and average 
heritability ( 2hˆ ) with standard errors (s.e.) at two genetic correlation levels ( gr ). See 
configuration 3 simulation parameters Table 1: (h2=0.30, Stk=15000, nDNA=800).  
 
 gr =0.70  gr =0.80  
Sires (S)  grˆ      (s.e.)  2hˆ    (s.e.)  grˆ       (s.e.)   2hˆ    (s.e.) 
     25 0.70 (0.13)  0.29 (0.07) 0.77 (0.10)  0.30 (0.07) 
     50 0.68 (0.10)  0.31 (0.05) 0.78 (0.09)  0.30 (0.05) 
   100 0.67 (0.10)  0.31 (0.04) 0.77 (0.08)  0.31 (0.05) 
   150 0.66    (0.09)  0.33 (0.04) 0.74 (0.09)  0.33 (0.04) 
   200 0.63 (0.09)  0.33 (0.04) 0.73 (0.08)  0.33 (0.04) 
   400 0.56 (0.09)  0.39** (0.04) 0.66 (0.08)  0.38** (0.04) 
** (P<0.01) different from simulated h2. 
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Table 3. Sensitivity of threshold sample size (nDNA) on average genetic correlation ( grˆ ) and 
average heritability ( 2hˆ ) with standard errors (s.e.). See configuration 4 simulation parameters 
Table 1: (h2=0.30, rg=0.70, Stk=15000, sires S=50). 
 
nDNA 
grˆ           (s.e.) 2hˆ       (s.e.) 
     200   0.63 (0.16) 0.32 (0.07) 
     400   0.69 (0.12) 0.31   (0.05) 
     800   0.69 (0.10) 0.31 (0.05) 
   1600   0.69 (0.09) 0.30 (0.05) 
   3200   0.69 (0.09) 0.29 (0.05) 
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Table 4. Sensitivity of the number of fingerlings stocked per environment (Stk) on estimates of 
average genetic correlation ( grˆ ) and average heritability ( 2hˆ ) with standard errors (s.e.).  
Results from a binomial analysis with threshold size nDNA=400 or a phenotypic analysis 
requiring all individual fish to be weighed and genotyped for sire identification. See 
configuration 5 simulation parameters Table 1: (h2=0.30, rg=0.70, sires S =50). 
  Binomial analysis  Phenotypic analysis 
     Stk 
grˆ          (s.e.) 2hˆ      (s.e.) grˆ            (s.e.) 2hˆ       (s.e.) 
2000 0.58 (0.17) 0.34 (0.07) 0.71 (0.09) 0.30 (0.04) 
5000 0.69 (0.09) 0.32 (0.05) 0.70 (0.07) 0.30 (0.03) 
    10000 0.68 (0.09) 0.31 (0.06) 0.70 (0.06) 0.30 (0.03) 
    15000 0.68 (0.09) 0.31 (0.06) 0.68 (0.06) 0.29 (0.04) 
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Table 5. Sensitivity of heritability on estimates of average genetic correlation ( grˆ ) and average 
heritability estimates ( 2hˆ ) with standard errors (s.e.) at two threshold sizes (nDNA). See 
configuration 6 simulation parameters Table 1: (rg=0.80, Stk=15000, sires S=50). 
 
 nDNA=400 nDNA=800 
Heritability  
grˆ          (s.e.) 2hˆ        (s.e.) grˆ          (s.e.) 2hˆ      (s.e.) 
0.1 0.77 (0.18) 0.10 (0.02) 0.77 (0.13) 0.10 (0.02) 
0.2 0.78 (0.13) 0.20 (0.05) 0.78 (0.10) 0.20 (0.04) 
0.3 0.79 (0.11) 0.30 (0.06) 0.79 (0.07) 0.31 (0.05) 
0.4 0.80 (0.08) 0.41 (0.07) 0.80 (0.07) 0.40 (0.07) 
0.5 0.77 (0.10) 0.51 (0.09) 0.78 (0.07) 0.50 (0.08) 
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Table 6. Sensitivity of survival on average genetic correlation ( grˆ ) and average heritability 
( 2hˆ ) with standard errors (s.e.).  The percentage family survival across 100 full-sib families 
indicated by sires 1..50 and sires 51..100 (see Table 1 configuration 7: h2=0.30, rg=0.70, 
Stk=15000, sires S=100, nDNA=800). 
 
Environment 1 
Sires 
1..50       51..100 
Environment 2 
Sires 
1..50     51..100 
 
grˆ   (s.e.) 
 
2hˆ  (s.e.) 
Control 
100 100 100    100 0.70 0.09 0.32 0.05 
Same family survival in each environment (no interaction) 
100   90 100      90 0.69 0.10 0.32 0.04 
100   80 100      80 0.68 0.10 0.32 0.04 
100   70 100      70 0.70 0.09 0.34 0.04 
100   60 100      60 0.72 0.09 0.36 0.04 
Different family survival in each environment (with interaction) 
100   90 90    100 0.67 0.09 0.32 0.05 
100   80 80    100 0.61 0.10 0.33 0.04 
100   70 70    100 0.52 0.11 0.33 0.04 
100   60 60    100 0.42** 0.10 0.37 0.05 
** (P<0.01) different from simulated rg. 
